A strategy is developed for identifying cutting tool wear on a face mill by automatically recognizing wear patterns in the cutting force signal. The strategy uses a mechanistic model development to predict forces on a lathe under conditions of wear and extends that model to account for the multiple inserts of a face mill. The extended wear model is then verified through experimentation over the life of the inserts. The predicted force signals are employed to train linear discriminant functions to identify the wear state of the process ina manner suitable for on-line application.
using the vertical cutting force from a turning process to estimate the worn-tool rake area.
Some important limitations are inherent in most of these previous studies. In particular, nearly all of the equations or algorithms suggested to relate a process signal to tool condition are specific to a certain set of cutting conditions (see ref. 13 , for example). This necessitates the development and storage of a set of equation parameters or heuristics for each process condition of interest, including material or cut geometry changes. In addition, extensive wear tests must be carried out for the conditions or sets of conditions desired in order to obtain the various constants or parameters needed to predict the tool wear level (as in ref. 9 ). Clearly, a new approach capable of circumventing these costly drawbacks would benefit the effort to promote practical applications of the technology.
The study presented here represents an initial attempt to develop a methodology for monitoring process tool condition which can easily be applied to a process under virtually any cutting conditions and which does not require wear or life testing of the cutting tool. The use of a mechanistic model to describe the cutting force system is the key to the approach and the element which allows its advantages to be realized. The mechanistic model described here is for a multiple insert face milling process, the outputs of which include the force signals in the x, y and z directions (Fig. 1) .
The model, which is supported by experimental data taken over the life of a set of inserts, includes the effects of multiple insert run out and varying wear patterns on the milling inserts.
The identification strategy uses the mechanistic model to develop a pattern recognition system capable of monitoring tool condition on line. Simulated -force signals are generated for increasing wear levels (in terms of the wear land width, VB) using the mechanistic model. Appropriate features are then extracted from these signals and employed in a pattern classification training procedure. The results of the training are discriminant functions which are used to identify the current state of the inserts in terms of wear based on features of the actual cutting signal.
The remainder of the paper describes the identification strategy in detail and . .includes a discussion of its practical utilization. Section 2 is a summary of the mechanistic model previously developed at the University of Illinois to predict single-insert wear forces [14-17] and multiple-insert force changes due to insert run out [18] . It also includes an extension of these models to the case of wear on multiple inserts. Section 3 explains the experimentation performed to verify the wear model and compares predicted and actual signals. The pattern recognition methodology is described in Section 4, including a listing of appropriate pattern features and results from applying the discriminant functions to the simulated data. Finally, Section 5 reveals the ex perimental results of classifying actual force signals from the face mill.
Mechanistic model for the face mill
A model capable of predicting the instantaneous cutting forces of a multiple insert milling process including the effects of insert run out and varying wear patterns on the inserts will be used to develop a computer simulation of the process. The simulation will, in turn, be used in place of traditional wear experiments to train a pattern classifier to recognize the wear state of a process.
The basic static force model
The basic face milling force model, developed at the University of Illinois in refs. 14-18 and derived from classical metal cutting research, is summarized by linear relationships between the cutting force, Fe' in a direction parallel to the cutting velocity, and the thrust force, F" in a direction perpendicular to the workpiece surface, and the chip area, A c • The equations take the form
The chip area can be simply approximated by
where i, is the feed rate per tooth, d is the depth of cut, OJ is the instantaneous angle that insert i makes with 0° ( Fig. 1) . The proportional constants, K c and K b are actually functions of the average uncut chip thickness, f c (which is approximately ft sin(8j », the cutting speed, V and the normal rake angle, an-The coefficients of the functions depcnd on the specific combination of tool and workpiece material used. The functions arc described by 111(K c )""'Qo+al In(t e )+a z ln(V)+a3 sin(au) (4)
The 
where 'YLe is the effective lead angle. The effective lead angle, obtained by integrating over the chip length (defined below) as in refs. 14-16, is given by
Here, 'YL is the nominal lead angle (side cutting edge angle), d is the depth of cut, and r n is the tool nose radius.
Accounting for run out in the model
The effect on the forces due to radial insert run out can be included in the model by simply extending the chip area equation to include the radial runout e on the current insert i and previous insert i-I:
The run out values can be obtained through measurements or estimated from the relative peak forces for each insert in the initial force signal as described in ref. 18 .
Accounting for wear and multiple inserts in the model
The effect on the forces due to flank wear on the inserts is modeled by adding two force components, a force normal to the wear land, F NW , and a force due to friction on the wear land, FFW. The components [17, 19, 20] are proportional to the material hardness H (Brinell hardness number (BHN», the wear land width (VB), the wear land length s, and the coefficient of sliding friction between the workpiece and tool materials JL. The relationships are given by
The wear land is modeled with a constant width as shown in Fig. 2 . The wear land length, s, is the length of contact between the tool flank and the fresh cut workpiece surface. It is assumed to be equal to the uncut chip length (see depth of cut in Fig.  2 ).
Wear Land Length, s� When cutting occurs on the tool nose radius and the side cutting edge (as in the current cutting tests), the chip length, Ie' is made up of two components, one along the nose radius, In and one along the side cutting edge, Is. The chip length is then given [14, 17] by
Ir "" r,,( ePl _. 4/0) (15)
where
The modified force equations for the radial, longitudinal and tangential force components including the effects of wear (F RW , F LW , and F TW ) are found by adding ftppropriate components of the wear forces to the non-wear forces of eqns. (6)- (8) 
where YLl is the effective lead angle for the force system on the tool flank. It is found by integrating eP, the angle made between F NW and the radial direction, over the wear land length and then dividing by the wear land length, a method similar to the integration used to find the effective lead angle [15] [16] [17] .
The chip area values in eqns. (17)- (19) have been modified to account for the change in chip geometry due to varying VB values for each insert. The size of each insert is reduced by a perpendicular distance 8; due to friction from the workpiece. This distance, shown in Fig. 3, is (20) where 8. is the side relief angle of the insert, a e is the effective rake angle described ill ref. 2 (i(cP» + cos 2 (i( cP» sin(a n ( cP»] (21) ;-r� where i(~) and a n ( ~) are the inclination and normal rake angles [21] , and c/J is the angle a normal to the cutting edge makes with the radial direction, measured in a plane normal to the cutting velocity.
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The decrease in chip thickness for insert i is shown in Fig. 4 as
The chip area calculation including wear effects then becomes
Experimental details
An experiment was performed to verify the mechanistic wear model described above. The wear land width was measured on a pair of slightly worn coated carbide inserts and the inserts were mounted in a face milling cutter (10.16 em diameter). The cutter was driven by a motorized spindle on a two-slide test bed provided by the Ingersoll Milling Machine Company on which a workpiece/fixture assembly is mounted. The 76.2 X 152.4 mm workpiece, composed of gray cast iron (BHN = 229 kg mm -2), was attached to a force dynamometer which sensed the x, y and z direction forces.
The instantaneous forces were then recorded by a personal computer by way of a data acquisition system. The experimental environment is summarized in Fig. 5 . After three hours of cutting and recording force measurements, the inserts were removed and the wear land was measured again. The remaining process conditions are summarized in Table 1 .
The appropriate K c ' K t models for the tool-workpiece combination used were determined empirically from a series of eight fly cutting tests performed for the current experiment (using the method in ref. The rake angle was not varied during the experimentation, and therefore no an term was included. The initial force signals, and the force signals obtained after approximately three hours of machining, are shown in Figs. 6, 7 and 8 for a full rotation of the cutter. The corresponding signals generated using the mechanistic model simulation are shown below each of the observed force signals. In all the graphs the boxed line represents the force signal from the beginning of the experiment. The experimental signals are passed through a FIR low-pass digital filter [22] (blocking all frequencies above 450 Hz). The solid line is the signal at the end of the experiment after significant wear had occurred. Since only two inserts were used for the test, cutting only took place about half of the time, resulting in a zero level force for that portion of the rotation. In each case, the insert with greater. radial run out shows a greater magnitude of force (the negative x~force is due to the defined x direction in Fig. 1 ). The plots show that the forces for the insert with more run· out rose approximately 70%-80% over the course of the tests. The other insert's forces rose nearly 500%.
A comparison of the observed signals with those generated by the model simulation reveals that the predicted forces are reasonably close to the experimental values. For the beginning of the experiment (initial wear), the model predicts forces within about ±5% of the observed signals. The worn condition (final wear) predictions are also fairly good, although the x-force is overpredicted by about 15% and 40% for the two insert profiles. This is most probably due to the difficulty experienced in measuring an accurate wear land width on the severely worn inserts.
The force signals were also compared in the frequency domain, under the assumption that the cyclical data would be well represented by a plot of the power spectrum. Figure 9 gives spectral plots of the observed and predicted x-direction force signals for both the initial and final wear conditions. (The plots only include frequencies below 200 Hz because the mechanistic model only accounts for the static, low frequency portion of the force signal, i.e. no vibrational or dynamic components were included.) The two most important peaks in the spectra occur at 20 Hz (the spindle frequency) and 40 Hz (the tooth-passing frequency). In both the observed and predicted cases, the peak at 20 HZ decreases slightly as significant wear appears, while the 40 Hz peak increases by a larger amount. Since the model seems to predict well in the frequency domain, the magnitudes of these peaks were selected as possible features to be used in the pattern recognition system described in the next section.
Pattern recognition methodology
The automatic detection of wear on the inserts of a face mill' requires some pattern recognition strategy which can signal wear when it occurs. Instead of using extensive wear tests to train a pattern classifier, the simulation model developed in Section 2 can be used to generate training signals. Appropriate features are then extractedfrom these simulated force signals and formed into feature vectors, or patterns. THese vectors are used to obtain the coefficients of (i.e. to train) a linear discriminant function which acts as a minimum-distance classifier [23] for any future vectors presented for classification. A minimum-distance classifier is actually a plane in hyperspace (with dimension equal to the number of features minus one) which separates the subspaces (on for each category) that make up the space spanned by the feature vectors. Three categories are used in the present study, although more are certainly possible.
The simulation model was used to generate force signals to train the pattern classifier. For this study it was desired that only one signal (x, y or z direction) be used for classification. The x-force was chosen since it represents cOIIlponents of both the radial and tangential forces (y-force could also have been chosen) and would therefore contain more information than the z-force, which is essentially the longitudinal force. Three sets offive simulated force signals each were generated using the mechanistic the ll.sted features were chosen somewhat haphazardly, a procedure was followed tor determining the features with optimal discriminating power. The procedure 
The results of the optimal feature selection are given in Table 6 with the J value for each feature and the five best features indicated (it was decided to utilize only one of PR/PT S, PR/PT, and PT-PR due to their similarity).
To train the minimum-distance classifier a single feature vector was used to represent each category. These representative vectors (Table 7) , Ph P z and P 3 , which are subsets on the mi (scaled to be roughly between 0 and 1) calculated in eqn. (26), were found by averaging in each category over the five selected features. Both the representative vectors and the actual signal feature vectors to be classified were scaled to be between 0 and 1. For example, each RMS feature is multiplied by 10-3 (see Tables 3, 7 ). According to Nilsson [23] , a linear discriminant function for each category can then be determined by gi(Z)=ZlP n +zzPiZ + ... +ZdPid-2: system is designed to classify an actual process as to its wear state based on the x direction force signal generated on line. The parameters of the discriminant function used for classification, however, are derived almost entirely from simulated signals obtained by way of a static mechanistic force model of the milling process. Although other methods of training discriminant functions exist, the minimum-distance method described here performed well in classifying the obselVed signals according to the level of wear experienced. The strategy was also tested under varying process conditions and was able to show adequate robustness in terms of its performance in the face of various modeling errors. The advantages of this classification strategy are its ability to be readily applied to virtually any set of process conditions and the elimination of the need for extensive wear tests to train the pattern classifiers. The system is limited mainly by the sophistication of the mechanistic model and the amount of prior knowledge of expected wear levels.
